Abstract The central challenge in post-genomic era is to characterize the biological functions of newly discovered proteins. Sequence similarity based approaches infer protein functions based on the homology between proteins. We present the similarity relationship between protein sequences and their functions for mouse (Mus musculus) proteome in the context of gene ontology (GO) slim. The similarity between protein sequences is computed using a measure based on the BLAST alignment scores. The similarity between protein functions is characterized using GO terms. We present the sequence similarity distributions at different levels of the GO tree. The similarities of protein sequences in GO groups residing on different branches of the GO tree are shown. Our results indicate that proteins with similar amino acid sequences tend to have similar biological functions. The posterior probabilities for correct function predictions were also computed. The result reveals certain limitations of the function prediction approaches that are solely based on sequence similarities.
INTRODUCTION
The fast expansion of sequence data including genomic sequences, transcripts, and expression data has occurred since the first analyses of the working draft human genome sequence were reported [1, 2] . The advancements in biotechnology have accelerated the speed of sequencing. One major problem that has baffled biologists in the postgenomic biology is the functional assignment of proteins. To address the challenge, researchers have been using comparative analysis to help bridge the gap between the amount of sequence data and the functional annotations.
Sequence homology based methods have become important tools to the functional annotations of genes in newly sequenced genomes [3] [4] [5] [6] [7] [8] [9] . In these sequence similarity based approaches, the functions of a query protein are deduced from those of homologous proteins of known functions. The hypothesis is that the evolution of proteins with similar functions occurs in a correlated fashion and therefore the homology is present in the same subset of organisms [3] .
Genetic information of a cell is carried by working subunits of DNA called genes. The Gene Ontology (GO) Consortium provides a controlled vocabulary to describe genes and gene products in an organism. GO organizes genes and gene products into three ontology categories: biological process (BP), molecular function (MF), and cellular component (CC) [10] . A gene or a gene product may perform one or more molecular functions, be active in different biological processes and associated with several cellular processes. A MF GO term represents a biological activity involving one or more gene products, a BP GO term represents a series of biological activities, and a CC GO term, as the name suggests, represents a component of a cell or a gene product group. The GO terms in each category are organized in a directed acyclic graph (DAG). A specialized GO term (child) could be associated with one or several less specialized GO terms (parents).
Since the establishment of GO, a wide variety of ontology based computational approaches have been designed to annotate protein sequences on a large scale [11] [12] [13] [14] [15] [16] [17] [18] [19] . Vinagayam et al. used support vector machines for the assignment of MF GO terms to uncharacterized cDNA sequences. Each assignment carries a confidence value [11] . Zehetner et al. worked on the OntoBlast to predict the potential functions for an unknown sequence by presenting a weighted list of ontology entries associated with similar sequences identified in BLAST search [12] . Xie et al.'s GO engine combines homology search with text mining [13] . Schug et al. developed rule-based systems based on the intersection of GO terms that contain protein domain at different similarity levels [14] . The appeal of these approaches is that they can directly assign a biological meaning to an uncharacterized protein sequence. However, it has been argued that matching sequences do not always infer similar functions [20] .
In this study, we investigate the degree of overall similarity between protein sequence pairs from Mus musculus Chromosome 1. The overall similarity between two protein sequences is calculated using a measure that combines the BLAST alignment scores [21] . We also examine the sequence similarity distribution at different levels of GO tree. To evaluate the prediction power of similar sequences, we compute the posterior probability that a protein possesses the same biological function as another protein assuming the sequences of the two proteins are similar.
II. MATERIALS AND METHODS
Mouse (Mus musculus) is a common rodent. The genome of Mus musculus is the second mammalian genome to be sequenced whose complete draft entered the public nucleotide sequence repositories in 2002 [22, 23] . The genome includes 19 chromosome pairs, an X chromosome and a Y chromosome. Mus musculus has been a major model organism because of the relatively recent divergence of the mouse and human lineages from a common ancestor and the high percentage of mouse genes having analogues in human [22] . In this study, the protein sequences of Mus Musculus chromosome 1 were downloaded from the European Bioinformatics Institute [23] . Chromosome 1 consists of 197,069,962 base pairs and is the longest chromosome of Mus musculus. It contains 1870 proteins.
We used GO terms as defined in GO slim to describe the functions of a protein. GO slim is a cut down vocabulary provided by GO consortium [10] . It includes a subset of terms in the whole GO and provides a brief overview of ontology content without going into specific fine grained specifications. GO slim, similar like GO, organizes the genes and gene products into three GO categories: MF, BP and CC. The GO terms in the ontology categories are organized in a DAG and linked by two relationships, 'is a' and 'part of'. The generic GO slim consists of 130 terms, including 41 MF GO terms, 52 BP GO terms, and 37 CC GO terms.
The GO terms in each of the three ontology categories were parsed and stored in a tree structure similar to the one used in AmiGO [24] to form GO trees. Since GO terms are originally organized in a DAG, a GO term may have several parent terms. In this case, the child term appears multiple times on the same or different levels of the tree. Protein sequences were mapped onto the trees. Fig. 1 shows the protein mapped slim MF ontology tree for Mus musculus chromosome 1. As we can see, there were 449 protein sequences (~24% of protein sequences of chromosome 1) annotated with 31 MF GO terms. The ontology tree has 31 nodes and 5 GO levels with the root node being GO:0003674. The root has 9 child nodes describing the actions of a gene product at the molecular level and representing the essential activities such as binding and catalysis. There were 398 protein sequences (~21% of chromosome 1) were annotated for 21 CC terms and 191 protein sequences (~10% of chromosome 1) annotated for 26 BP terms.
There are several sequence alignment algorithms. SmithWaterman is one of the most popular local sequence alignment schemes based on dynamic programming technique [25] . BLAST, a heuristic search algorithm, speeds up the alignment process through a set of heuristic techniques and presents a set of high-scoring segment pairs (HSPs) [8, 9, 25] . However, to encompass the overall similarity of two proteins in terms of evolutionary relationships is not obvious. For example, proteins that share one similar region with a certain similarity score might not be more similar as compared to proteins that share two different domains with relatively lower similarity scores. In this study, we employed one similarity measure that combines the scores of all HSPs [21] . We first used the local alignment tool BLAST to obtain the similar regions of two protein sequences. Let {S 1 , …,S n } be scores of the list of best local alignments with certain statistical significance. We used the p-value:
(1) to measure the probability of finding a pair of protein sequences with a list of scores at least {S 1 , …, S n }, where S is a measure of the overall similarity of two sequences:
and 1
stands for the probability of finding a HSP with a local alignment score of at least S i , and E i is the expected number of HSPs of score at least S i . The E-values E i can be obtained directly from an alignment tool such as BLAST. The alignment tool for blasting two sequences (bl2seq) [26] was used in this study. We used version 2.2.11 with default parameters and the substitution matrix BLOSUM62. All processing scripts were written in Perl and the graphic user interface was written in Java.
III. RESULTS AND DISCUSSIONS
The local sequence alignments were performed for all-toall pair-wise annotated proteins using alignment tool (bl2seq) for blasting two sequences. The p-values were calculated to determine the overall similarity of two proteins using Eq. (2). The p-value distributions of the pair-wise alignments for annotated proteins are shown in Table 1 . We can clearly see that p-value distributions of the pair-wise alignments for the three ontologies in GO slim are quite similar with that of all annotated proteins (2 nd column), indicating that protein Figure 1 . GO slim tree for MF ontology sequences annotated for the three ontologies are representative sample sets of sequences from chromosome 1. The distributions also indicate that significant numbers of protein pairs are similar (with p-value < 0.01) although the majority is not. . In particular, the percentage of pairs with high similarity scores (p ≤ 10 -10 ) has an increase from level 1 to level 3. The percentage increase is not monotonic for level 4 and 5. At these levels a downward slope was observed. We believe it is due to the nature of the ontology graph in which fewer GO terms are on levels higher than 3 and fewer proteins are annotated to the levels. Consequently, the statistics may not represent the real trend of p-value change for this group of proteins. We observed similar results for both BP and CC ontology categories. The number of similar protein pairs generally increases with their GO levels.
The percentage of similar sequence pairs across their GO levels was also examined branch wise. Percentage of sequence pairs for each GO group with p-value < 10 -20 was calculated and the ratio was taken between a parent GO group and its child GO group. The results for the MF ontology tree are shown in Table 2 . As we can see, among the 23 parent-child pairs, only 3 pairs have ratio greater than 1, indicating that in general, the percentage of similar pairs in a parent group is less than the percentage in its child group which contains more specialized GO terms. On the same parallel lines, we examined the ratios for BP and CC ontologies. Similar results were observed.
Furthermore we investigated the contribution of proteins in predicting the biological functions of their homologues. The posterior probabilities of correct predictions were calculated. The posterior probability of a correct function prediction can be calculated using Bayes' theorem: where G represents a GO group, ε represents the p-value threshold, while the p-value p(s 1 , s 2 ) is calculated based on Eq. (1). The results for the molecular function binding branch are presented in Table 3 . As we see from the results, the posterior probability of a correct functional assignment varies with groups, but it increases steadily with the similarity of homologous pairs. For example, if a database search hits the nucleic acid binding group (GO:0003676) with a p-value ≤ 10 -5 , the confidence for the query protein to be in the group is only about 50%. On the other hand, one can have a high confidence of over 91% to conclude that the protein with that query sequence belongs to the nucleic acid binding group if the p-value is ≤ 10 -100 . This result certainly Figure 2 . p-value distribution of pair-wise alignments for proteins annotated for MF adds more assurance to sequence similarity based protein function prediction approaches. However, the results also show for a more specific function such as transcription factor activity (GO:0003700), the posterior probability is only around 40% even when p-value ≤ 10 -100 , suggesting the limitations of the computational approaches that are solely depend on the protein homology. 
IV. CONCLUSIONS
Our results indicate that there is an association between protein sequences of Mus musculus Chromosome 1 and their biological functions pertinent to the three fundamental principles of gene ontology. The sequence similarity distributions at different levels of GO tree indicate that the protein sequences have higher similarity when picked up from a specialized GO group than those randomly drawn from a pool of protein sequences. As we traverse down the GO tree branches, we find that the similarity p-values consistently decrease, indicating that proteins with more specialized functions are more evolutionarily similar than proteins with more generalized functions. Moreover, the percentages of similar pairs indicate that the protein sequences in a child node are more similar than those in the parent node. On the other hand, our study on posterior probability of correct function predictions points out that the prediction confidence increases steady with the decrease of p-values. This study in conjunction with the studies on yeast and human proteomes done by Duan et al. [21, 27] suggest that the sequence based approaches can be used as preliminary tools for protein function predictions. However, the function prediction results need to be verified through other approaches, especially when the predictions are to be done for more specialized functional groups.
